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Abstract:The driving force for active physical and biological systems
is determined by both the underlying landscape and the non-equilibrium
curl flux. While landscape can be quantified in the experiments by the his-
tograms of the collecting trajectories of the observables, the experimental
flux quantification is still challenging. In this work, we studied the single
molecule enzyme dynamics and observed the deviation in kinetics from the
conventional Michaelis-Menton reaction rate. We identified and quantified
the non-equilibrium flux as the origin of such non-Michaelis-Menton enzyme
rate behavior. This is the first time of rigorous quantification of the flux for
the driving force of the non-equilibrium active dynamics. We also quantified
the corresponding non-equilibrium thermodynamics in terms of chemical po-
tential and entropy production. We identified and quantified the origin of
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the flux, chemical potential and entropy production as the heat absorbed
(energy input) in the enzyme reaction.
Main Text:
Active physical and biological dynamical systems are everywhere around
us such as atmosphere, turbulence, cells, ourselves, and even stock market
etc.[1]. They have a common feature which is that the normal function re-
quires the energy input from the environments. Therefore, such systems
should follow the activated or non-equilibrium dynamics rather than the
passive equilibrium one we normally encounter. The passive system dynam-
ics can usually be determined by the gradient of the underlying potential
landscape so that global quantifications in terms of the weight of the state
and the description of local dynamics are possible. However, for the non-
equilibrium activated dynamics, such physical description is not possible.
Recent studies suggest that the non-equilibrium activated dynamics is deter-
mined by both the gradient of the underlying landscape and the steady state
probability flux which quantifies the degree of non-equilibriumness through
the activation from the energy input leading to detailed balance breaking[2].
This identifies the driving force and establishes a general principle for the
non-equilibrium active dynamics. Furthermore, it provides the origin of the
underlying non-equilibrium thermodynamics. This idea has been applied to
many physical and biological systems[3].While landscape can be quantified in
the experiments by the histograms of the collecting trajectories of the observ-
ables, the experimental flux quantification is still challenging. In this work,
we studied the single molecule enzyme dynamics and observed the deviation
in kinetics from the conventional Michaelis-Menton reaction rate[4, 5, 6]. We
identified and quantified the non-equilibrium flux as the origin of such non-
Michaelis-Menton enzyme rate behavior. This is the first time of rigorous
quantification of the flux for the driving force of the non-equilibrium active
dynamics.
Due to the technology advances, single molecule studies become possible
[7]. An important application of single molecule analysis was the investiga-
tion of the catalytic cycles of single enzymes[4, 5, 8]. The single molecule
features can be revealed that are hidden by the averaging process in the bulk
when an ensemble of molecules is observed. The function and structure of
the enzymes are closely related and small differences in the structure of the
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molecules can give rise to spread of kinetic rates. The heterogeneity in the
kinetic rates can be revealed by single molecule measurements.
There have been growing single molecule studies of enzymatic reactions[4,
5]. These studies often reveal that enzyme reactions under protein fluctua-
tions are often found to obey the classic Michaelis-Menten(MM) relation: the
inverse of enzyme catalytic rate is linear to the inverse of the substrate con-
centration. The Michaelis-Menten form is expected to be valid as long as the
detailed balance condition is preserved which is manifested by no net circu-
lating flux between different conformations of the fluctuating enzyme[8, 10].
Catalysis of the oxidation of the dihydrorhodamine 6G into rhodamine
6G by the enzyme horseradish peroxidase at the single enzyme level has
recently been observed at room temperature[11, 12, 13]. Horseradish per-
oxidase is an effective catalyst of the decomposition of hydrogen peroxide
(H2O2) in the presence of hydrogen donors. One particularly useful spectro-
scopic technique with single molecule sensitivity is fluorescence correlation
spectroscopy (FCS). Rigler and collaborators used confocal FCS to monitor
the catalytic rate of single horseradish peroxidase (HRP) molecules[11, 12].
From their measurements they concluded that the enzyme molecules dis-
played dynamic disorder in their enzymatic activity. HRP catalyzes the re-
ductant of hydrogen peroxide in the presence of a reducing agent. There are
many reductant agents that can be selected. HRP in the presence of hydro-
gen peroxide and a non-fluorescent substrate will turn over the substrate into
a fluorescent product, thereby making the catalysis visible for fluorescence
spectroscopy techniques.
In this article we studied the single molecule enzyme horseradish peroxi-
dase (HRP) reaction dynamics and quantified the flux as the non-equilibrium
driving force for the deviations in kinetics from the Michaelis-Menton be-
havior through the correlations measured by FCS. We not only quantified
the flux for driving the non-equilibrium dynamics, but also quantified the
non-equilibrium thermodynamics in terms of chemical potential and entropy
production as well as the time irreversibility of the underlying enzyme reac-
tion. We quantitatively identified the origin of the flux, chemical potential
and entropy production as the heat absorbed or energy input in the enzyme
reaction dynamics.
3
Results
Experimental setups
Figure 1: FCS and experimental setup
The FCS experimental setups consist of a high NA oil-immersion ob-
jective (1.45NA, 100*,Carl Zeiss) to excite fluorescence, an avalanche pho-
todiode (APD) (SPCM-AQR-13, PerkinElmer) to detect fluorescence. For
excitation, an ion argon laser was used with a maximum power of 8mW at
488nm.
The HRP molecules we investigated are conjugated to streptavidin. The
immobilization on microscope cover slides is achieved via the very stable bind-
ing to biotin molecules, attached to the surface. The HRP was studied after
immobilization on the cover slides in 100mM potassium phosphate buffer,
under PH 7.0, with 1nM up to 100nM dihydrorhodamine 123, at H2O2 con-
centration of 25µM up to 1000µM. For graphical illustration, see Figure 1.
4
Reaction Scheme
A graphical representation of the kinetic scheme for enzyme reaction
processes we study is illustrated in Figure 2:
Figure 2: The simplest kinetic scheme with two unbound enzyme states.
The HRP can exhibit different reaction rates in different conformations
[11, 12, 13]. A simplified reaction scheme includes the two conformations E1
and E2 in the reaction, representing the faster and slower parts. Since there
is only one fluorescence molecule, that is the fluorophore rhodamine 123, the
state of the complex is represented by ES. The enzyme molecule binds with
substrate dihydrorhodamine 123 to form the ES complex while ES binds
with substrate H2O2 and returns to the original enzyme by releasing H2O
molecule.
The simplest kinetic scheme shown in Figure. 2 includes conformational
fluctuations in enzyme E. We assume that only ES has significant fluorescence
signal. Thus, the stochastic kinetics of the single enzyme can be studied
following the probability evolution of the states which is described by the
master equation:
5
ddt
P =
 −k1[s]− β α k−1 + k3[H2O2]β −k2[s]− α k−2 + k4[H2O2]
k1[s] k2[s] −k−1 − k−2 − k3[H2O2]− k4[H2O2]
P
= AP
where P is a vector of [PE1 , PE2 , PES], PE1 , PE2 , PES are the probabilities of
the enzyme being in the E1, E2, ES states, respectively. A transition matrix
A specifies the transition probability from one state to another.
Steady state flux and enzyme rate
In equilibrium state, there is no net flux. However, for the non-equilibrium
steady state, the net steady state flux is not necessarily zero, which can be
defined as:
J = P SE1A(2, 1)− P SE2A(1, 2)
=
(−αk1k4[H2O2]− αk1k−2 + βk2k3[H2O2] + βk2k−1)[s]
λ1λ2
where the λ’s values can be obtained as the eigenvalues of the matrix A.
When there is no conformational change, i.e. α=0, β=0,then J =0. That is
to say detailed balance can be preserved under no conformation changes. In
addition, under conformational changes, when α and β are determined by
α
β
=
k−1k2 + k2k3[H2O2]
k−2k1 + k1k4[H2O2]
the net flux is also zero, and the above formula is equivalent to the detailed
balance condition. Under conformational changes and without the above
constraint, the net flux is non-zero, quantifying the degree of detailed balance
breaking.
The transition rate matrix A governs the time evolution of the state
probability and therefore acts as the driving force. It can be decomposed into
two matrices as shown below (details given in the Supporting Information)[2,
10].
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Aij =
 A11
d1
PS2
d3
PS3
d1
PS1
A22
d2
PS3
d3
PS1
d2
PS2
A33
+
 0 0
J
PS3
J
PS1
0 0
0 J
PS2
0

while d1 = P
S
2 A12, d2 = P
S
3 A23, d3 = P
S
1 A31
It can be checked that the above left rate matrix satisfies the detailed
balance condition without net steady state flux, while the right rate matrix
breaks the detailed balance explicitly with a net flux J. In other words,
the driving force governing the probability evolution is determined by the
detailed balance preserving equilibrium part and detailed balance breaking
non-equilibrium part which is explicitly quantified by the non-zero steady
state flux J. One can see that flux J itself has a rotational feature in state
space from the above right rate matrix multiplied by its corresponding steady
state probability. Therefore, the rotational flux serves as the non-equilibrium
driving force.
The relationship between the steady-state turnover velocity or enzyme
rate v and the substrate concentration s becomes:
v = P SES(k3 + k4)[H2O2]
=
(k3 + k4)[H2O2](αk1 + βk2 + k1k2[s])[s]
λ1λ2
When the flux J=0,the equation is reduced to:
v =
k1k2(k3 + k4)[H2O2][s]
k1k2[s] + (k1k4[H2O2] + k2k3[H2O2] + k1k−2 + k2k−1)
or 1/v = C0 + C1/[s] or 1/v = C0
′ + C1′/[H2O2]
The above two equations have MM relationship dependence on substrate
concentrations [s] ([dh Rh123]) or [H2O2] for fixed [H2O2] or fixed [s] ([dh
Rh123]) respectively : The inverse of the enzyme rate is linear to the inverse
of the substrate concentration. C0 and C1 as well as C0
′ and C1′ are constants
depending on the reaction parameters.
When the flux J6=0, the equation is reduced to:
v =
(k1k2[s]
2 + αk1[s] + βk2[s])(k3 + k4)[H2O2]
k1k2[s]2 + F1[s] + F2
or 1/v = C0
′′ + C1′′/[s] + C2′′/([s] + λ′′)
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or 1/v = D0 +D1/[H2O2] +D2/([H2O2] + λD)
where F1 = αk1 + βk2 + k1k4[H2O2] + k2k3[H2O2] + k1k−2 + k2k−1
F2 = (α + β)(k3[H2O2] + k4[H2O2] + k−1 + k−2)
Here, C0
′′, C1′′, C2′′ and λ′′ as well as D0, D1, D2 and λD are constants de-
pending on the rate parameters for fixed substrate concentration of [H2O2]
or [s] ([dh Rh123]) respectively. As seen the inverse of enzyme rate is no
longer linear to the inverse of the substrate concentrations. The nonlin-
ear dependence of the enzyme rate on the inverse of the substrate con-
centrations gives non-MM rate deviated from the conventional MM rate
with linear dependence of inverse enzyme rate with respect to the substrate
concentrations[8, 9, 10]. Therefore, the net flux breaking the detailed bal-
ance is the key here to determine whether the state is in equilibrium or
non-equilibrium and whether the enzyme rate follows the Michaelis-Menton
rate or not.
Autocorrelations and connections to flux and enzyme
rate
Because only the ES state has a fluorescence signal, we assume that the
fluorescence signal f(i) for different enzyme states as:
f(E1) = 0, f(E2) = 0, and f(ES) = 1
Then the mean fluorescence signal becomes
< f >= f(E1)P
S
E1
+ f(E2)P
S
E2
+ f(ES)P SES = P
S
ES
And the time correlation function becomes
G(τ) =< ∆f (0) ∆f(τ) >=
∑
i,j∈{E1,E2,ES}
f(i)f(j)P Si Pij(τ)− < f>2
= P33(τ)P
S
3 − (P S3 )2
Due to the inevitable diffusion of some fluorescent molecules in the so-
lution, the diffusion effect needs to be considered in the autocorrelations[11].
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Therefore, the final form of the autocorrelation is given as
G(τ) = c1e
λ1τ + c2e
λ2τ + c3 +
1
N
[1 +
τ
τD
]−1[1 +
τ
τD
ω2]−1/2
Here, τD is the diffusion rate depending on the diffusion coefficient. N is
the mean number of particles in the effective observation volume, and ω
is the aspect ratio of the radius and the depth of the laser point. After
obtaining the experimental fluorescence data, we calculated the correlation
function and then use above formula to fit the correlations and obtain the
corresponding kinetic rate parameters. In this way, we can quantify the flux
J, the enzyme rate v and other related thermodynamic quantities such as
entropy production rate (EPR) and chemical potentials.
The fluorescence signals and correlation plots are shown in Figure 3(a).
Figure 3: (a) Fluorescence signals and autocorrelation. (b) Inverse enzyme
rate versus inverse substrate concentration.
Non-Michaelis-Menton Rate
The non-Michaelis-Menton behavior of the enzyme rate with respect
to the substrate is shown in Figure 3(b). The nonlinear relationship be-
tween the inverse enzyme rate and inverse substrate concentration is clearly
demonstrated. The straight lines indicate the linear behavior which would
have been expected for the Michaelis-Menton rate.
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Flux quantification
The quantified flux with respect to different substrate concentrations are
shown in Figure 4(a). In the whole range of different substrate concentra-
tions, the flux is non-zero. From the reaction scheme, we can see at relatively
low concentrations of dihydrorhodamine 123, the flux increases with respect
to the dihydrorhodamine 123. The increase of the substrate concentration of
H2O2 also increases the flux at specific concentrations of dihydrorhodamine
123. The threshold in concentration of dihydrorhodamine 123 beyond which
the flux drops or becomes flat depends on the H2O2 concentrations.
Based on the reaction scheme shown in Figure 1, let us assume that
the steady state circular flux is given in the direction E1 to ES to E2, then
the magnitude of the forward flux and the backward flux from E1 to ES
are given as PE1*k1*[s] and PES*k3*[H2O2]. The probabilities of E1, E2
and ES are denoted by PE1 , PE2 and PES. According to the Equilibrium
Law, changing the concentration of a chemical will shift the equilibrium to
the side that would reduce that change in concentration. At certain H2O2
concentration, PE1+PE2 decreases as the concentration of dihydrorhodamine
123 increases and PES increases accordingly. Also PE1+PE2 increases as the
concentration of [H2O2] increases and PES decreases accordingly at certain
dihydrorhodamine 123 concentration.
At lower concentration of H2O2 and dihydrorhodamine 123, the forward
flux and backward flux are both very small. When the dihydrorhodamine
123 concentration has a very small increase, the increase of forward flux is
proportional to PE1*k1, if the increase is very small, then the increase of
forward flux is approximately proportional to forward flux. In the same way,
the increase of backward flux is approximately proportional to the backward
flux. This will lead to an increase of the net flux as the dihydrorhodamine
123 concentration increase, because the forward flux is larger than backward
flux. As the concentration of dihydrorhodamine 123 increases even further,
PES will become even larger and PE1 will become smaller due to the Equi-
librium Law, therefore, the increase of forward flux is less than the increase
of backward flux, the net flux will decrease.
When the concentration of H2O2 increase, PES will decrease, so the
same addition of dihydrorhodamine 123 concentration will lead to the smaller
addition of the PES, this reduces the increase of backward flux. Therefore,
the net flux will also show the trend of increasing first and decreasing, but
the decrease will be smaller.
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At the higher concentration of H2O2, PES will decrease even further. As
the dihydrorhodamine 123 concentration increase, the flux will increase simi-
lar as that at the lower concentration of H2O2. As the dihydrorhodamine 123
concentration increase, PE1 will decrease and PES will increase, the addition
of forward and backward flux are proportional to PE1 and PES, respectively.
The addition of forward flux will decrease, and the addition of backward flux
will increase, so the net flux will keep on increasing slower and slower.
Chemical potential quantification
The corresponding chemical potentials as the thermodynamic driving
force can also be quantified accordingly based on the correlation data.
∆µ = kBT ln
A31P
S
3 A12P
S
1 A23P
S
2
A13P S1 A32P
S
3 A21P
S
2
= kBT ln
A31A12A23
A13A32A21
= kBT ln
d1d2d3
(J + d1)(J + d2)(J + d3)
where d1, d2, d3 are constants depending on the kinetic rate parameters. The
chemical potentials at different substrate concentrations are shown in Figure
4(b). The chemical potentials are almost constants with respect to different
rhodamine substrate concentrations at certain [H2O2]. The chemical poten-
tial acts as a voltage providing a quantification of the energy supply as a
chemical battery.
Entropy production quantification
The entropy production as a measure of the thermodynamic cost or dissi-
pation for maintaining the non-equilibrium steady state can also be quantified
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Figure 4: (a) Flux values at different substrate concentrations. (b) Chemical
potential at different substrate concentrations. (c) Entropy production rate
at different substrate concentrations. (d) The correlation differences of the
third-order autocorrelation function of forward and backward in time vs. the
flux.
according to the correlation data.
EPR =
∑
i,j
(P Si Aji − P Sj Aij) ln
AjiP
S
i
AijP Sj
= J ln
A31A12A23
A13A32A21
= J ln
d1d2d3
(J + d1)(J + d2)(J + d3)
The d1, d2, d3 are constants depending on the kinetic rate parameters.
The entropy production rate at different rhodamine substrate concentrations
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are shown in Figure 4(c). The entropy production has similar behavior with
respect to flux with respect to different substrate concentrations which can
be easily understood since the flux is the origin of the non-equilibriumness
and therefore the entropy production.
Quantification of time irreversibility
In order to provide another measure of the non-equilibriumness of the
single molecule enzyme reaction dynamics, we also calculate the higher-order
autocorrelation functions from the experimental measurements. The third-
order autocorrelation function is shown as follows
G(τ1, τ2) =< I(0)I(τ1)I(τ1 + τ2) >
where I(0), I(τ 1) and I(τ 1+τ 2), are the intensity of the fluorescence at time
0,τ 1, andτ 1+τ 2. When the enzyme reaction is in equilibrium and with no
net flux, its third-order correlation function is symmetric in forward and
backward time directions. However, an experimental observation of non-
symmetric G(τ 1,τ 2) in forward and backward direction in time will be an
indication for time irreversibility and therefore the non-equilibriumness[14,
15].
We calculated the third-order correlation function from the experimen-
tal data, the corresponding result is a two-dimensional matrix, normalized
by the maximum value. The difference between the matrix and its transpose
representing the asymmetry can be calculated, which is also the correlation
difference forward and backward in time. In order to show the correlation
difference clearly, we take the absolute maximum value of the difference ma-
trix for each data. The results show in Figure 4(d) that, as the flux increases,
the correlation differences of the third-order autocorrelation in forward and
backward in time direction increases. In other words, as the flux increases,
the irreversibility in time increases.
The quantifications of the origin of the flux, chemical
potential and entropy production as the heat absorbed
in enzyme reaction
In order to uncover the physical origin of the underlying chemical poten-
tial, we quantify the corresponding Gibbs free energy change of the enzyme
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reaction through Isothermal titration calorimetry(ITC) measurements.
According to enzyme reaction scheme Figure 2, there are two main paths
of the enzyme reaction. The corresponding state changes are E1-ES-E2, and
E2-ES-E1. Or one path starts from E1, the other starts from E2. Accord-
ing to the fitting of FCS correlations, the steady-state probabilities of E1
and E2 are 0.09 and 0.91, respectively. In Isothermal titration calorimetry
(ITC) measurements[16], E1 and E2 are equivalent to two relatively inde-
pendent sets. The enthalpy change and binding constants of the underly-
ing enzyme reaction can be obtained by fitting to the heat measurements.
The difference between the Gibbs free energy of the two paths should corre-
spond to the chemical potential driving the net flux that is fitted by FCS.
∆G=∆G2-∆G1= 28.37 KJ/mol. The Gibbs free energy change is therefore
28.37 KJ/mol. The Gibbs free energy change is very close to the chemical
potential fitted by the FCS data 23.5 KJ/mol(9.25 kT). This illustrates that
the origin of the chemical potential or the flux is the heat absorbed in the
enzymatic reaction.
Conclusions:
In this work, we have experimentally explored the single molecule en-
zyme reaction dynamics. The enzyme reaction rate shows significant devia-
tions from the conventional Michaelis-Menton behavior. We found that the
non-equilibrium flux is the driving force for the non-MM behavior. We quan-
tified this non-equilibrium flux for the dynamics and the corresponding chem-
ical potential as well as the entropy production rate for the non-equilibrium
thermodynamics. We uncovered the origin of the non-equilibrium flux, the
chemical potential and entropy production rate for driving enzyme reaction
as the heat absorbed (energy input) in the enzyme reaction. We also quanti-
fied the time irreversibility for further characterizing the non-equilibrium be-
havior. Our work provides a framework for quantifying the non-equilibrium
signature both at the dynamic and the thermodynamic level. We expect
such framework can be applied to other interesting non-equilibrium physical
and biological systems to quantify the driving force for the non-equilibrium
dynamics and the underlying thermodynamics.
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